1 Recent research on Emergent Constraints (EC) has delivered promising results. The method utilizes a measurable variable 2 (predictor) from the recent historical past to obtain a constrained estimate of change in a difficult-to-measure variable (pre-3 dictand) at a potential future CO 2 concentration (forcing) from multi-model projections. This procedure critically depends 4 on, first, accurate estimation of the predictor from observations and models, and second, on a robust relationship between 5 inter-model variations in the predictor-predictand space. We investigate issues related to these two themes in this article, using 6 vegetation greening sensitivity to CO 2 forcing during the satellite era as a predictor of change in Gross Primary Productivity forcing realized through its radiative and fertilization effects. We first address the question of how to realistically characterize 10 the greening sensitivity of a large area, the NHL, from pixel-level LAI max data. This requires an investigation into uncertain-11 ties in LAI max data source and an evaluation of the spatial and temporal variability in greening sensitivity to forcing in both 12 the data and model simulations. Second, the relationship between greening sensitivity and ∆GPP across the model ensemble 13 depends on a strong coupling among simultaneous changes in GPP and LAI max . This coupling depends in a complex manner 14 on the magnitude (level), time-rate of application (scenarios) and effects (radiative and/or fertilization) of CO 2 forcing. We 15 investigate how each one of these three aspects of forcing can impair the EC estimate of the predictand (∆GPP). Accounting 
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, CMIP5: -44 ± 14 Pg C K
−1
). Wang et al. (2014) however were unable to detect a similar relationship between 10 the proposed predictor and predictand. Recently, Lian et al. (2018) presented an EC estimate of the global ratio of transpiration 11 to total terrestrial evapotranspiration (T/ET), which is substantially higher (0.62 ± 0.06) than the unconstrained value (0.41 ± 12 0.11). For the marine tropical carbon cycle, Kwiatkowski et al. (2017) identified an emergent relationship between the longterm 13 sensitivity of tropical ocean net primary production (NPP) to rising sea surface temperature (SST) in the equatorial zone and 14 the interannual sensitivity of NPP to El Niño/Southern Oscillation driven SST anomalies. Tropical NPP is projected to decrease 15 by 3 ± 1% for 1 K increase in equatorial SST according to the observational constraint.
16
Similar results were reported for extra-tropical terrestrial carbon fixation in a 2×CO 2 world. Plant productivity is expected 17 to increase due to the fertilizing and radiative effects of rising atmospheric CO 2 concentration. Wenzel et al. (2016) focused 18 on constraining the CO 2 fertilization effect on plant productivity in the northern high latitudes (60 measurements at different latitudes. They presented a linear relationship between the sensitivity of CO 2 amplitude to rising 21 atmospheric CO 2 concentration and the relative increase in zonally averaged gross primary production (GPP) for 2×CO 2 . The 22 observed CO 2 amplitude sensitivities at respective stations provided a constraint on the strength of the CO 2 fertilization effect, 23 namely 37% ± 9% and 32% ± 9% for the NHL and the extra-tropical region, respectively.
24
Focusing on the NHL, Winkler et al. (2018) investigated how both effects of CO 2 enhance plant productivity while assess-25 ing the feasibility of vegetation greenness changes as a constraint (Fig. 1 ). Enhanced GPP due to the physiological effect and 26 ensuing climate warming is indirectly evident in large-scale increase in summer time green leaf area (Myneni et al., 1997; Zhu 27 et al., 2016) . Historical CMIP5 simulations show that the maximum annual leaf area index (LAI max , leaf area per ground area) 28 increases linearly with both CO 2 concentration and growing degree days (above 0
• C, GDD0) in NHL. To avoid redundancy 29 from co-linearity between the two driver variables, but retain their underlying time-trend and interannual variability, the dom-30 inant mode from a principal component analysis of CO 2 and GDD0 was used as the proxy driver (denoted ω). This greening 31 sensitivity (i.e.
∆LAI max ∆ω ) can be inferred for the overlapping historical period from simulations and observations alike. In all and historical greening sensitivities allows using the observed sensitivity as an EC on ∆GPP at 2×CO 2 in NHL (3.4 ± 0.2 1 Pg C yr −1 , Winkler et al., 2018) .
2
The EC method ( Fig. 1 ) has its limitations. For example, Cox et al. (2013) , Wang et al. (2014) and Wenzel et al. (2015) 3 investigated on constraining future terrestrial tropical carbon storage using the same set of models and data. However, they 4 arrived at different EC estimates and divergent conclusions. Some reasons for the failure and essential criteria required for 5 successful application of the EC approach were described previously (Bracegirdle and Stephenson, 2012b; Klein and Hall, 6 2015), but this list is far from complete. The main focus thus far has been on caveats establishing an emergent linear relationship 7 in a multi-model ensemble. However, large uncertainty on the constraint could result potentially from how the observational 8 predictor is derived and compared to the modeled estimates. Here, we revisit the study of Winkler et al. (2018) and elaborate 9 on key issues concerning sources of uncertainty regarding the constraint and applicability of the EC method.
10
Uncertainty on the constrained estimate depends on (a) observed predictor and (b) modeled relationship, aside from the 11 goodness-of-fit of the latter (green shading in Fig. 1 ). As for (a), the source of observations is an obvious first line of inquiry
12
(Sect. 3.1). Spatial aggregation of data and model simulations introduces uncertainties, as the EC method is applied on large The quality of previous version (V0) of LAI3g data set was evaluated through direct comparisons with ground measurements
11
of LAI and indirectly with other satellite-data based LAI products, and also through statistical analysis with climatic variables,
12
such as temperature and precipitation variability (Zhu et al., 2013) . The LAI3gV0 data set (and related fraction vegetation-
13
absorbed photosynthetically active radiation data set) has been widely used in various studies (Anav et al., 2013; Forkel et al., 14 2016; Zhu et al., 2016; Mao et al., 2016; Mahowald et al., 2016; Piao et al., 2014; Poulter et al., 2014; Keenan et al., 2016) .
15
The new version, LAI3gV1, used in our study is an update of that earlier version.
16
We also utilized a more reliable but shorter data set from the Moderate Resolution Imaging Spectroradiometer (MODIS)
17
aboard the NASA's Terra satellite (Yan et al., 2016a, b) . These data are well calibrated, cloud-screened and corrected for 18 atmospheric effects, especially tropospheric aerosols. The sensor-platform is regularly adjusted to maintain a precise orbit. All 19 algorithms, including the LAI algorithm, are physics-based, well-tested and currently producing sixth generation data sets.
20
The data set provides global and year-round LAI observations at 16-day (bi-monthly) temporal resolution and 0.05
resolution from 2000 to 2016.
22
Leaf area index is defined as the one-sided green leaf area per unit ground area in broadleaf canopies and as one-half the 
31
The bi-monthly satellite data sets were merged to a monthly temporal resolution by averaging the two composites in the 32 same month and bi-linearly remapped to the resolution of the applied reanalysis product (0.5 • ×0.5
• , CRU TS4.01). There are two parts to the EC methodology ( Fig. 1 ) -a statistically robust relationship between modeled matching pairs of 2 predictor-predictand values and an observed value of the predictor. The predictors are from a representative historical period.
3
The predictands are modeled changes in a variable of interest at a potential future state of the system, typically one that is diffi-4 cult to measure. The projection of the observed predictor on the modeled relation yields a constrained value of the predictand.
5
A causal basis has to buttress the predictor-predictand relationship, else the EC method may be spurious. For example, mean-6 ingful coupling between concurrent changes in GPP and LAI max with increasing atmospheric CO 2 concentration underpins 7 our specific case study, i.e. some of the enhanced GPP due to rising CO 2 concentration is invested in additional green leaves 8 by the plants (Winkler et al., 2018) . This assures an approximately constant ratio of predictand to predictor across the models 9 within the ensemble, thus setting up the potential for deriving an EC estimate.
10
Uncertainty on the constrained estimate depends on the observed predictor and modeled relationship, aside from the goodness-
11
of-fit of the latter (Fig. 1 ). These are detailed below. ; LAI max ppm to the physiological effect of CO 2 , also warming plays a key role in controlling plant productivity of these temperature-4 limited ecosystems, and thus, vegetation greenness. To avoid redundancy from co-linearity between CO 2 and GDD0, we Therefore, we obtain a proxy driver (hereafter denoted ω) that represents the overall forcing signal causing observed vegetation 8 greenness changes in NHL. Accordingly, greening sensitivity for the entire NHL area is derived as response to ω, the combined 9 forcing signal of rising CO 2 and warming. This procedure also enables a better comparability between observations and models 10 because varying strengths of physiological and radiative effects of CO 2 among models are taken into account (Sect. 3.3 -3.5).
The vegetated landscape in the NHL region is heterogeneous, with boreal forests in the south, vast tundra grasslands to the the NHL (Anav et al., 2013 (Anav et al., , 2015 , although ESMs operate on much coarser resolution. Due to the coupling of the predictor 28 and predictand, the distribution of all pixel estimates is approximately the same for the two variables. Accordingly, averaging 29 the equally distributed estimates likely does not affect the predictor-predictand relationship in the model ensemble ( Fig. 1 ).
30
Consequently, if all spatial gridded data arrays are consistently processed to spatially-aggregated estimates, each predictand 31 and predictor (observed and modeled) estimate contain a coherent component of spatial variations. In other words, considering 32 browning and non-significant pixels results in a lower overall LAI max sensitivity in NHL, which in turn leads to a lower con-33 strained estimate of ∆GPP in NHL. This is consistent with the underlying relationship between predictor and predictand. Fig. 5 ). We discuss one case in detail for illustrative purposes (No. 3, Tab. A1).
25
In scenario 3, ∆GPP increases linearly with increasing CO 2 (Fig. 6a) , while ∆LAI/∆GPP saturates (Fig. 6b) . The LAI 26 sensitivity to CO 2 weakens with increasing forcing (Fig. 6c) as a response to saturation of GPP allocation to leaf area. We 27 derive LAI sensitivities to CO 2 for three different periods ('past periods' in Fig. 6c) to constrain ∆GPP at a much higher 28 CO 2 level ('projected period' in Fig. 6a ). Next, we apply the EC method on these pseudo-projections of ∆GPP relying on 29 LAI sensitivities derived from the three past periods (Fig. 6d) . The EC method is applicable even at a low forcing level (past 30 period 1) in this simplified scenario because we neglect stochastic internal variability of the system. The slope of emergent 31 linear relationship increases (Fig. 6d) as modeled LAI sensitivities decrease with rising CO 2 concentration (Fig. 6c) . The 32 observational constraint on future ∆GPP, however, remains nearly the same, because pseudo-observed LAI sensitivity also 33 weakens at higher CO 2 levels (dashed lines, Fig. 6c, d) and, crucially, in reality as well. In other words, as long as the models agree on the occurrence and "timing" of saturation, 3 changes in predictor and predictand relate linearly within the model ensemble. The same behavior is also seen in the other 4 three scenarios (Tab. A1; Fig. A1, A2 ).
5
Nevertheless, with ever increasing forcing and associated steepening of the emergent linear relationship, the LAI sensitivity 6 loses its explanatory power at some point because the linear relationship eventually lies within the observational uncertainty 7 and no meaningful constraint can be derived. This and disagreement between models on system dynamics are ultimate limits 8 of the EC method. Interestingly, we find that all CMIP5 models agree on saturation, but slightly disagree on the timing of 9 saturation. Further, we find that the 'all non-linear' scenario best describes the dynamics of the system in the forcing range 10 from 1×CO 2 to 4×CO 2 . However, the saturation of LAI to GPP happens at a lower CO 2 level than saturation of GPP to CO 2
11
( Fig. A2) . Still, inferences from interpretation of Case 3 (Fig. 6 ) are equally applicable.
12
Results from the above Gedankenexperiment also highlight the importance of matching window locations and lengths be- Fig. 6d ).
16
The above analysis informs that the constrained GPP estimate at one future period is nearly independent of the past periods 17 from when the observational sensitivities are derived, for most realistic scenarios. Now, we evaluate the EC method where 18 sensitivity from one past period is used to obtain constrained GPP estimates at different periods in the future, i.e. progressively
19
farther down the time-line. We utilize the greening sensitivity derived from observed LAI max data and apply the EC method to 20 CMIP5 1pctCO2 simulations. The sensitivities in this case are due to forcing from both CO 2 increase and associated warming 21 during the observational period (Sect. 2.3). We seek constrained GPP estimates at future CO 2 levels (2×CO 2 , 3×CO 2 , and 22 4×CO 2 ). and GPP arising from the combined radiative and physiological effects of CO 2 enrichment until 2×CO 2 in the CMIP5 ensem-25 ble (Fig. 5) . As a result, models with low LAI max sensitivity project lower ∆GPP for a given increment of CO 2 concentration, because the CMIP5 models do not agree on the timing and magnitude of the saturation effect at higher CO 2 levels (Fig. 7a) .
30
The increment in constrained GPP estimates for successive equal increments of CO 2 decreases due to the saturation effect in 31 all CMIP5 models (dashed horizontal lines, Fig. 7a however, requires a separate in-depth study. the model world by conducting simulations in a 'CO 2 fertilization effect only' (esmFixClim1) and a 'radiative effect only'
19
(esmFdbk1) setup (Sect. 2.2). These are termed below as idealized model simulations. We investigate here whether historical 20 runs and observations, which include both effects, can be used to constrain GPP changes in idealized CMIP5 simulations (e.g.
21
as in Wenzel et al. (2016) ).
22
We find strong linear relationships between historical LAI max sensitivity and ∆GPP for 2×CO 2 in both idealized setups Fig. 7c ). This suggests that the 25 two effects act additively on plant productivity and, thus, each effect can be simply expressed in terms of a scaling factor of 26 the total GPP enhancement. Hence, the application of the EC method on idealized simulations using real world observations is 27 conceptually feasible.
28
Interestingly, the two effects contribute about the same to the general increase in GPP at 2×CO , 9, 1937-1958, 2016 .
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